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Abstract 
Brain is the most important, astonishing and complicated part of human body which is responsible for controlling and functioning 
of all other human organs. The physical movements and thinking capability (Cognition) of humans depend on the brain activity. 
Based on certain changes that occur within the brain, electric fields will be generated within the brain. Analyzing brain signals 
plays vital role in diagnosis and treatment of brain disorders. Brain signals are obtained from electrodes of Electroencephalogram 
(EEG) or Magneto encephalogram (EMG). These are linear mixture of evoked potentials (EVP) of large number of neurons due 
to variations in conductive and geometric properties in the layers of 3 layer head model or 4 layer head model. Earlier work1-5 
considered processing these mixed signals for analyzing brain functioning of brain disabled patients. But working on the source 
signals gives an authoritative result. Hence there is a need to separate the source signals from the measured (electrode) signals. 
This work will suggest a suitable approach in extracting source signals of disabled patients while they were used as subjects 
under experiment of retrieving event related potentials (ERP). This work retrieved the signals of non target trails i.e., non event 
related potentials (NERP) and extracted original source signals by the best Gaussian estimate and the algorithm proposed.  
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1. Introduction 
Large part of the brain is the cerebrum, consisting of huge number of Neurons. Cerebrum is divided almost 
equally into two halves. The outer portion is the cerebral cortex which is a folded structure varying in thickness from 
about 2 to 5 mm. Total surface area of cerebrum is roughly 1600 to 4000 cm2. Brain is collection of huge number of 
Neurons. Each neuron is an interconnecting segment in the network of the nervous system. Since brain controls 
overall functioning of mind and body, brain disorders have deep impact on pleasantness of human life.  
Communication between humans is affected severely with these brain disorders. Bain disorders cause different 
diseases. Some of them are briefed here. Cerebral Palsy (CP) is disease caused due to lack of oxygen to brain at the 
time of delivery of child. CP is a group of non progressive disorders of movement and osture caused by abnormal 
development of, or damage to, motor control centers of the brain1. CP occurs in 1.4-3.0 per 1000 live births. Major 
clinical features of CP are spasticity of extremities, extra pyramidal movements, dyskinesis and ataxia 2. Lou 
Gehrig’s disease is a disease that is known to lead to the locked-in syndrome and is otherwise called as amyotrophic 
lateral sclerosis (ALS) disease3. These patients are fully conscious and aware of what is happening in their 
environment but are not able to communicate or move. Other kinds of brain disorder diseases are lack of learning, 
seizures4, Attention Deficit/Hyperactivity Disorder ADHD5 etc., analyzing the functioning of brain can help working 
on solutions to the problems mentioned above. The studies of the electrical signals produced by the brain are 
addressed both to the brain functions and to the status of the full body. By applying digital signal processing 
methods6 to the original brain signals extracted from recordings like EEG or MEG rather than electrode signals 
directly, it is possible to obtain patterns for diagnosis and treatment of brain disorders. 
 
2. Brain signals 
 
Potential generation from brain is fundamentally due to two sources. First is action potential which occurs due to 
membrane permeability variations and depolarization. This depolarization causes excitatory post synaptic potential 
(EPSP). Second is due to electrical activity in synapses which causes hyper polarization and produces inhibitory post 
synaptic potential (IPSP). The combination of this electrical potential of groups of neurons can be measured outside 
the skull, which is done by EEG. EEG gives in the potential difference between two points on the scalp. Exact 
location of the activity can’t be estimated since there is some tissue and even the skull itself between the neurons and 
the electrodes. For EEG measurements an array of electrodes is placed on the scalp. The electrodes are placed 
according to the international 10-20 system7, as is depicted in fig. 1. 
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Fig. 1.  Distance between electrodes of 10-20 system 
The 10-20 system is an internationally adopted procedure to describe the placement of sensors on brain scalp as a 
standard for better comparisons between different measurements. 10 and 20 refer to distances between adjacent 
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electrodes in the order of percentage of total distance between nasion(N) and inion(I) as shown in fig. 1. Each sensor 
has a letter to identify lobe and a number to identify the hemisphere location. 
The letters F, T, C, P and O stand for frontal, temporal, central, parietal, and occipital lobes, respectively as 
shown. The letter "C" is used only for identification central part. A "z" (zero) refers to an electrode placed on the 
midline. Even subscript numbers (2,4,6,8) refer to electrode positions on the right hemisphere, whereas odd numbers 
(1,3,5,7) refer to those on the left hemisphere. In addition, the letter codes A, Pg and Fp identify the ear lobes, 
nasopharyngeal and frontal polar sites respectively. The magneto encephalogram (MEG) is EEGs magnetic 
counterpart.  
3. Methodology  
The electrode signals are weighed sums of the cell potentials. Sources could be computed from a sufficient number 
of electrode signals through blind signal processing 8. Weights depend on the signal path from the neurons to the 
electrodes due to variations in conductive and geometric properties9 in the layers of 3 layer head model or 4 layer 
head model. The signals from the electrodes are highly correlated because all sources affect each electrode signal as 
shown in Fig. 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 2.  Signals are linear mixture of sources 
  
Considering the sensor signals as weighted sums of original source signals, let signals of sensors be taken as  
 
 
          
 
 
 
 
X is set of sensor signals, A is mixing matrix and S is set of original signals. Equation (1) can be written in symbolic 
form as 
 X AS                        (2) 
 S, the original source signals vector is found by 
1 S A X                      (3) 
Now it is needed to find S and A from the known X. The solution to such problem can be treated as optimization 
problem. Learning algorithm 10 as shown in Fig. 3 can be one of better methods to find solution to such problems.  
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Fig. 3.  Unsupervised learning algorithm 
This method assumes statistical independence between sources, no more than one source has Gaussian 
distribution, sensor signals are linear mixture of sources and number of sensors and sources are same. In the 
algorithm sources are separated in two steps as 
1. Sources are uncorrelated 
2. Sources are maximum non Gaussian 
The above two steps are formulated as 
1. Apply linear transformation to mixed signals X to reduce correlation 
a. Centering 
ˆ ( ) x X E X                                  (4) 
b. Sphere the centred data using Eigen decomposition and diagonal transformation 
^ ` ^ `
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2. Transform the Whitened X ( X ) to get 1W A  such that non - Gaussianity is maximized. An estimated 
source signal  Ti iy w x  where wi is corresponding row of W for yi. non - Gaussianity can be measured 
(6) 
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through parameters like relative entropy, negEntropy, etc. Negentropy is given by
 
      2( ) - N y E G y E G v                                                 (7) 
G(y) is a non-quadratic function. Q  is a Gaussian variable with zero mean and unit variance, so the term 
E{G(Q )} is a constant. The best choice of G(y) depends on the problem, commonly used functions are  
 
1 2-
2 3 2( ) - , ( ) tanh( ), , ( )1 2 3 4
§ ·¨ ¸¨ ¸© ¹    
y
G y e G y y G y y G y y
    
                           (8) 
We need to find wi that maximizes   
In this method the best choice of Gaussian estimate G(y) in N(y), depends on the problem. This paper suggests a 
better suitable Gaussian estimate for mentally disabled subjects. Algorithm used for processing of electrode signals 
to extract original source signals of non ERP segment is given below. 
 
 
 
 
 
 
 
 
 
 
4. Data recording  
 
The EEG was recorded from 32 electrodes (scalp) at a sampling rate of 2048 Hz. The system was tested with five 
disabled patients. The following variables are contained in the data files. Data matrix contains the raw EEG with 34 
× 115507 number of samples dimension. Each of the 34 rows corresponds to one electrode. Two electrodes are 
reference electrodes. Each column is an electrode data. Results were produced for a disabled subject with minimal 
physical movement and minor communicative ability.   
 
5.  Results and discussion 
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Fig. 4.  NERP segment of electrode signals and spread of two signals 
 
( )TN w xi
1. Subtract the average of reference electrodes mean.  
2. Apply learning algorithm to non target trail of raw data.  
3. Calculate non ERP (NERP) segment. 
4. Use a band pass filter for for a pass band of (1-49) Hz to avoid power line frequencies.  
5. Remove EOG, ECG and EMG artefacts of from all separated channels. 
6. Re construct the electrode signals by YWX 1 for further processing 
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For the disabled subjects movement of body parts will be relatively lesser than healthy subjects. Extracted 
NERPs will have more number of low frequency components than high frequency components. Another factor is 
that high frequency components that may result from power lines, EMG or EOG will be mixed with electrode 
signals. Hence source signals must have less no of high frequency components. Raw EEG of subject which has 
moderate muscle movement and brain disability is shown in Fig. 4. 
The NERPs were extracted through the algorithm mentioned in section III. Four different Gaussian estimates 
shown in (8), were applied in the algorithm. Applying Gaussian function G1(y) in (8), most of the signals are low 
frequency signals (Fig. 5a). Applying Gaussian function G2(y), G3(y) and G4(y) in (8), we can observe most of the 
signals are high frequency signals (Figs. 5b, 5c, 5d).  
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Fig. 5.   Extracted NERPs with Gaussian estimate 
1 2 3 4a) ( ) ( ),  b) ( ) ( ),  c) ( ) ( ), d) ( ) ( )G y G y G y G y G y G y G y G y     
 
Spread of signals shown in Fig. 6, shows less Gaussianity with Gaussian estimate G1(y) (Fig. 6a), when compared to 
the spread of signals with other Gaussian estimates G2(y), G3(y) and G4(y) (Figs. 6b, 6c, 6d).     
 
 
 
711 Solomon Gotham and G. Sasibushana Rao /  Procedia Computer Science  85 ( 2016 )  705 – 712 
-2.5 -2 -1.5 -1 -0.5 0 0.
-2
-1.5
-1
-0.5
0
0.5
1
1.5
0 100 00
0
100
200
distribution of processed source signals 
3428 3429 3430 3431 3432 3433 3434 3435 3436 34
-9552
-9551
-9550
-9549
-9548
-9547
-9546
-9545
-9544
-9543
0 200 400
0
200
400
distribution of processed source signals 
 
                                          a                                                                                                b 
-4751 -4750 -4749 -4748 -4747 -4746 -4745 -4744 -4743 -47
3502
3503
3504
3505
3506
3507
3508
3509
3510
3511
0 200 400
0
200
4 0
distribution of processed source signals 
618 619 620 621 622 623 624 625 62
-1336
-1335
-1334
-1333
-1332
-1331
-1330
-1329
0 200 400
0
200
400
distribution of processed source signals 
 
                                               c                                                                                          d 
Fig. 6.   Spread of signals with Gaussian estimate 
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Conclusions 
 
Applying BSS before filtering and artifact removal has given reduced gaussianity in the extracted source signals 
of EEG. Applying digital processing techniques directly on recorded EEG signals has given unauthenticated results 
with disabled patients because they have lesser cognitive ability. Hence original neuron EVPs need to be extracted 
from EEG. In this process this paper has suggested a suitable approach in retrieving source NERP of neurons from 
EEG of disabled patients.  The maximum number of iterations and maximum value of ‘wi difference’ between two 
iterations for stopping criteria is considered to be 1000 and 0.0001. From the results and analysis it can be concluded 
the better Gaussian estimate in the BSS is chosen to be ‘Gauss’. Since the visual inspection of extracted components 
depict that it has lesser high frequency components and are giving same number of source signals as the number of 
EEG signals chosen. It is observed that the spread of data in the extracted signals through Gaussian estimate G1(y) 
‘Gauss’ is relatively less Gaussian. This work can further be extended to analyse brain source signals for progressive 
stress of disabled patients.   
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